Mammalian genes are often transcribed discontinuously as short bursts of RNA synthesis followed by longer silent periods. However, how these "on" and "off" transitions, together with the burst sizes, are modulated in single cells to increase gene expression upon stimulation is poorly characterized. By combining single-cell time-lapse luminescence imaging with stochastic modeling of the time traces, we quantified the transcriptional responses of the endogenous connective tissue growth factor gene to different physiological stimuli: serum and TGF-β1. Both stimuli caused a rapid and acute increase in burst sizes. Whereas TGF-β1 showed prolonged transcriptional activation mediated by an increase of transcription rate, serum stimulation resulted in a large and temporally tight first transcriptional burst, followed by a refractory period in the range of hours. Our study thus reveals how different physiological stimuli can trigger kinetically distinct transcriptional responses of the same gene.
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stochastic gene expression | single-cell dynamics | computational modeling C ells have evolved to respond to temporally varying signals and stresses. Such responses typically involve tuning the expression of few to thousands of genes, reflecting a dynamic interplay between epigenetic, transcriptional, and posttranscriptional processes that collectively determine temporal profiles of mRNA and protein numbers in individual cells (1) . In particular, kinetic studies in mammalian cell populations showed that the synthesis and degradation rates of mRNA can be quickly regulated upon stimulation (2, 3) . For instance, in stimulated dendritic cells, the majority of changes in mRNA levels reflected regulation at the transcriptional level, whereas regulated mRNA degradation was essential for shaping fast and peaked responses (2) .
At the level of single eukaryotic cells, several studies shed light on how processes upstream of transcription respond to stimulation, such as mechanisms that influence the nuclear accumulation of specific transcription factors, or their DNA binding kinetics after stimulation. In yeast, the timing of transcriptional bursts in target genes of calcineurin-responsive zinc finger 1 (Crz1) follows the nucleocytoplasmic shuttling frequency of the Crz1 transcription factor (4) . Also, the binding of the transcription activator Ace1p onto a specific gene promoter showed fast and slow cycling dynamics upon copper induction (5) . In mammalian cells, the nuclear shuttling kinetics (6) , DNA residence time, and DNA-bound fractions of the ligand-bound glucocorticoid receptor were measured (7, 8) . Other examples of stimulus-regulated transcription factor activity include the modulation of nucleocytoplasmic shuttling of p53 after irradiation (9, 10) and the dose-responsive nuclear accumulation and shuttling frequency of NF-κB (11, 12) . However, much less is known about how such activities eventually modulate the transcriptional output in single cells.
Although many studies of stochastic gene expression relied on modeling population heterogeneity from temporal snapshots (13) (14) (15) (16) , real-time imaging of transcriptional bursting in single cells opened the possibility to develop temporal stochastic modeling as a powerful framework to extract kinetic parameters on the bursting process in individual cells (17) (18) (19) (20) . In this context, monitoring transcriptional output of native mammalian gene promoters in single cells (under constant environmental conditions) showed that transcription typically occurs during short windows of activity interspersed with silent periods (17, 18, 21) . In particular, by using a single copy of a short-lived transcriptional reporter, we showed that the bursting patterns are gene-specific (18) , and identified a refractory period in the range of hours characterizing intervals of gene inactivity, a finding that was confirmed by others (17) . Perturbation experiments to increase the permissivity of chromatin for transcription showed that elevated histone acetylation levels do not dramatically influence the bursting characteristics on short time scales (18) , and stimulation of a signaling pathway involved in the expression of a particular gene with small molecules led to an increase in average bursting frequency (17) . However, how transcriptional bursting in individual cells responds dynamically to physiological stimuli remains largely unexplored.
Here, we used single-cell monitoring of transcription at high temporal resolution to quantify the transcriptional response of a single endogenous allele of the connective tissue growth factor (ctgf) gene to two different physiological stimuli. Ctgf encodes a secreted protein that plays an important role in wound healing
Significance
Recent single-cell studies showed that gene transcription in mammals is fundamentally stochastic, occurring in short and intense transcriptional bursts. However, less is known on how transcriptional bursting is modulated upon stimulation. Here, we monitor the transcriptional response of a single allele of the endogenous connective tissue growth factor gene, encoding a secreted protein involved in wound healing and response to shear stress, to two different physiological stimuli in single cells. Analysis using stochastic modeling shows that both stimuli cause acute transcriptional responses characterized by transiently modified gene activities, and increased transcription rates that may last longer depending on the stimulus. These results provide insights on how transcriptional bursting kinetics can be adjusted to increase gene expression upon physiological stimulations. and response to shear stress, and its expression can be stimulated by shear stress, serum shock, or TGF-β1 in cultured fibroblasts (22) . We show that serum treatment rapidly induces an intense window of transcriptional activity, followed by a period refractory to restimulation. In contrast, TGF-β1 stimulation resulted mainly in a prolonged increase in transcription rate (k m ) without affecting "on-off" switching kinetics. Thus, different physiological stimuli can trigger kinetically distinct transcriptional responses of the same gene, suggesting that switching kinetics in gene activity is transiently modulated whereas k m values dominate the longer-term adjustment of transcriptional output.
Results
Serum or TGF-β1 Stimulation of ctgf Induce Qualitatively Different Transcriptional Responses. In principle, the modulation of transcriptional bursting in response to a physiological stimulus could exhibit a large spectrum of behaviors depending on the stimulation modalities, promoter architecture, and wiring of the signaling pathways. In terms of a commonly used model of transcriptional bursting (Fig. 1A) , the stimulation could increase the frequency of bursts by shrinking the duration of inactive periods, or it may increase burst sizes by lengthening the duration of active periods or up-regulating the k m (Fig. 1B) . All three scenarios cause a higher effective synthesis rate of mRNA molecules. To test which scenario(s) occur in mammalian cells, we focused on the response of the endogenous ctgf gene. Among different inducers of ctgf expression, we chose to study serum stimulation, acting through the Rho/Mal/SRF pathway (23) , and TGF-β1, acting through the TGF-β receptor/SMAD signaling pathway (22) . We monitored transcriptional activity by using our previously engineered destabilized luciferase reporter with a 1-min time resolution for approximately 12 h. Briefly, this reporter consists of a short-lived luciferase inserted into exon 5 of the ctgf gene, allowing luciferase expression to be strictly controlled by the endogenous ctgf regulatory sequences. Luciferase expression can be monitored by luminescence microscopy in single cells at high temporal resolution, and used to infer the temporal sequence of gene activity windows and the k m of ctgf as described previously (18) . Compared with mock induction, serum shock at two different concentrations rapidly induced a large peak of luminescence lasting several hours, followed by a fast decay of the signal to its basal level ( Fig. 1C and SI Appendix, Fig. S1 ). In contrast, TGF-β1 stimulation induced a longer-lasting response (Fig. 1C) , typically manifesting itself as a succession of distinct bursts.
We then assessed whether the observed responses to both stimuli could be caused by posttranscriptional mechanisms altering protein stability, mRNA stability, or translational efficiency of the reporter. First, we measured protein and mRNA half-life by quantifying the decay in bulk luciferase activity after blocking translation or transcription with cycloheximide or actinomycin D treatments, respectively. We performed experiments before induction, at 1 or 10 h after serum stimulation, and at 2 or 10 h after TGF-β1 stimulation (SI Appendix). The luciferase protein half-life was not affected by the stimulation (SI Appendix, Figs. S2 and S3), and the mRNA half-life was also similar across conditions (SI Appendix, Figs. S4 and S5). Next, we investigated whether the induction could reflect an increase in translational efficiency upon stimulation, rather than increased transcription. We stimulated cells with serum or TGF-β1 and simultaneously blocked transcription with actinomycin D. The absence of response (SI Appendix, Fig. S6 ) suggested that induction of transcription is the dominating cause for the response, as translational efficiency was not strongly up-regulated after serum or TGF-β1 stimulation. Thus, stimulation of the same gene with different physiological stimuli can trigger qualitatively distinct transcriptional responses in single cells.
Serum and TGF-β1 Induce Dose-Dependent Increase in k m Values. To further investigate which parameters underlie the responses in function of stimulation strength, we first assessed whether the responses were homogenous across the cell population, as stimulations in other systems can lead to digital response across cell populations (12, (24) (25) (26) . Over the range of tested inducer concentrations, we observed that nearly all cells responded to both stimuli ( Fig. 2A and SI Appendix, Fig. S7 ). Next, we quantified how ctgf transcriptional kinetics changes in function of stimulus type and strength by analyzing the time traces using stochastic modeling of gene expression, as described previously (18) . Briefly, the method includes two steps (SI Appendix). First, we compute the likelihood of the time traces according to a minimal model of gene expression, hereafter called the prior. To keep the number of parameters low, this prior models protein and mRNA numbers as birth-death processes controlled by an underlying two-state promoter model, and all rates are constant in time (Fig. 1A) . Following our analyses (SI Appendix, Figs. S2-S6), we fixed mRNA and protein t 1/2 s, as well as translation rates, to be the same in all tested conditions. The remaining transcriptional parameters ["on" time (τ on ), "off" time (τ off ), and k m ] are then calibrated via Markov chain Monte Carlo (MCMC) sampling. The second, and key, step is to estimate (by using Gibbs sampling) mRNA numbers and promoter state at each time point along the traces (Fig. 1C) . Importantly, we showed previously that this allows to reliably identify bursting statistics that deviate form those of the prior itself (18) (SI Appendix).
Applying this methodology, we found that stimulation with serum or TGF-β1 resulted in a rapidly occurring first transcriptional burst. Remarkably, serum stimulation induced a transcriptional response within a few minutes, approximately 10 times faster than TGF-β1 stimulation (Fig. 2B) , and these response times did not vary much with the stimulus dose. Similarly, the durations of τ on and τ off were comparable to control conditions (Fig. 2C) . In contrast, k m values were positively correlated with serum or TGF-β1 concentration (Fig. 2C and SI Appendix, Table S1 ). Thus, although the vast majority of cells responded to all doses of the stimuli ( Fig. 2A) , the graded k m values indicated that the concentrations used did not simply saturate the response. In summary this shows that, independently of the activation pathway, the bulk transcriptional response reflected predominantly a dose-dependent increase in the k m (Fig. 2C) .
Distinguishes the Two Responses. We next determined how the transcriptional kinetics changed over time in response to the stimulations. By using Gibbs sampling to reconstruct temporal profiles of gene activity and mRNA number (SI Appendix), we computed the duration of each τ on , the effective k m associated with it, and the duration of the following τ off in each cell (SI Appendix). We then summarized those quantities across all cells (Fig. 3) . Upon serum induction, the duration of the first transcriptional burst (i.e., τ on ) was approximately two times longer than in control conditions (Fig. 3A) . The k m in the same time interval was increased by more than fivefold compared with baseline levels (Fig.  3B) , showing values close to 40 mRNA molecules per minute [65% of the maximal possible k m reached when elongation becomes limiting for initiation (27) ]. Remarkably, the corresponding burst size (b; i.e., k m ·τ on ) was approximately 1,700 mRNA molecules, two orders of magnitude larger than the typical values observed in unperturbed cells (18) . In addition, the period of gene inactivity immediately following this first transcriptional event was clearly prolonged by more than threefold compared with the subsequent events or control conditions (Fig.  3C) . Then, within a few hours, transcriptional parameters relaxed to values close to steady-state activity (Fig. 3 A-C) .
Similarly to serum induction, TGF-β1 induced a two-to threefold increase in the duration of the first transcriptional interval (Fig. 3D) and also increased k m values by three-to fourfold, producing burst sizes as large as 1,200 mRNA molecules. However, this effect was much more prolonged compared with serum, lasting throughout the whole recording (Fig. 3E, compare with Fig.  3B ). Unlike we found for serum induction, TGF-β1 did not affect the duration of gene inactivity intervals after stimulation (Fig. 3F , compare with Fig. 3C ).
To verify that the estimated temporally varying parameters were not biased (as a result of a too-rigid prior model), we performed simulations mimicking a situation similar to the serum case, in which τ on , τ off , and k m values are increased following stimulation before relaxing to the baseline. Analyzing those simulations (by using the exact same methodology) clearly showed that all three quantities can be accurately estimated (SI Appendix, Fig. S10A ). This indicates that the two-state prior model is flexible enough, and the data sufficiently informative, to reliably identify the parameters underlying temporally nonhomogenous transcriptional bursting.
Thus, the transcriptional response of the same gene to two different stimuli exhibits qualitatively distinct temporal characteristics. Most importantly, the first activity period after serum stimulation is followed by a long refractory period in the range of several hours, which is not the case for TGF-β1. In addition, most parameters relaxed to their control values in less than 4 h, except for the k m following TGF-β1 stimulation. It also appears that the acute transcriptional response reflects mainly increased Table S1 ). k m is correlated with stimulus concentration, whereas mean τ on and τ off values remain unchanged across all conditions. Control conditions are shown in gray, and colors are as in A and B. Ellipses indicate posterior SDs. In total, 458 cells were analyzed (SI Appendix).
k m values (and burst sizes), and not increased bursting frequency (Fig. 1B) .
The Duration of the First Transcriptional Burst Is Tightly Regulated
After Serum Stimulation. We previously reported that, at steady state, transcription bursts of many genes, including ctgf, are switched off in a single rate-limiting step, resulting in exponentially distributed τ on values. In contrast, most genes showed peaked τ off values, suggesting that the transition from "off" to "on" involves several regulatory steps. However, ctgf was atypical, as τ on and τ off values were distributed exponentially (18). Here we found that, following a shortened inactivity period after stimulation (Fig. 2B) , the duration of the first transcriptional event (τ on ) showed a clear maximum around 20 to 40 min after induction with serum ( Fig. 4A) , and a reduced coefficient of variation (Fig. 4A, Inset) . TGF-β1 showed a similar, although less pronounced, behavior (Fig. 4B) . In contrast, the subsequent τ on values were exponentially distributed independently of the stimulus (SI Appendix, Fig. S8A ). This suggests that regulatory mechanisms exert a tight control on the first transcriptional event, preventing ctgf from switching off for a certain amount of time, resulting in peaked, nonexponentially distributed, τ on values. We verified, by using simulations, that the computational methodology based on a two-state prior can reliably distinguish between peaked τ on values after stimulation, followed by relaxation to exponentially distributed τ on values (SI Appendix, Figs. S9 and S10B).
A 3-h-Long Refractory Period Occurs Following the First Transcriptional
Event After Serum Stimulation. Upon serum induction, we observed an inactivity period after the first transcriptional event lasting, on average, twice as long (Fig. 3C) , and whose distribution was more peaked (Fig. 5A) , compared with the unstimulated control and the subsequent inactivity periods (SI Appendix, Fig. S11 ) allowing us to automatically choose between exponential and peaked distributions, for both the τ on and τ off values, confirmed that the first transcriptional event and following τ off favor models with peaked τ on and τ off values after serum stimulation, whereas the exponential models are preferred for the subsequent transcriptional events in all cases (SI Appendix, Fig. S12 and Table S2 ). Together with the other simulations (SI Appendix, Figs. S9 and S10), this shows that the simpler and computationally much more tractable two-state prior leads to quantitatively accurate inference in temporally nonhomogenous situations characterized by changing parameters and/or distribution types. To further investigate whether the prolonged inactivity period after serum stimulation reflected a state that was refractory to transcription, we restimulated cells with serum after varying delays relative to the first stimulation. We observed a response to the second stimulation only when the time interval between the two stimulations was at least 4 h (Fig. 5 C-F) . Therefore, serum stimulation of the ctgf gene induced an acute transcriptional burst followed by a period of inactivity that is refractory to serum restimulation. 
Discussion
Previous quantitative analysis of single mammalian cells at steady state have shown that gene expression is governed by stochastic episodes of gene activity resulting in asynchronous transcriptional bursts (28) . These studies prompted us to investigate how transcriptional bursting might be temporally modulated in response to physiological stimulations.
Monitoring an Acute Transcriptional Response in Single Mammalian
Cells. We used high temporal resolution microscopy in single mammalian cells to quantify how a single allele of the ctgf gene responds to two different external stimuli, serum and TGF-β1, acting via distinct pathways. Although both rapidly triggered transcriptional bursts (within minutes), as is typical for primary response genes (9, 29) , the response induced by serum occurred significantly faster compared with TGF-β1 (Fig. 2B) . Moreover, the longer-term response (up to 8 h after stimulation) showed interesting differences. Serum essentially triggered one large and tightly controlled response, after which the transcriptional activity relaxed to steady state. This single response was characterized by a refractory period, lasting approximately 3 h, during which cells were insensitive to restimulation. Although the underlying molecular mechanisms are unknown, several negative feedback loops in the MRTF/SRF pathway involving decreased SRF activity by actin expression (30) or decreased SRF expression by miR-133 induction (31) might contribute to establish and maintain this refractory period. Although the properties of "on" and "off" switching after TGF-β1 stimulation also rapidly relaxed to steady state, this stimulus induced a longer lasting series of transcriptional events characterized by an increased k m . Interestingly, this suggests that some stimuli can increase k m values (and hence burst size) in a sustained manner, without altered promoter switching kinetics.
Challenges for Stochastic Modeling of Gene Expression. Regarding the model-based quantification of transcriptional bursting, the stimulated situation is significantly more complex than at steady state, as the transcriptional parameters (including parameter values and statistics of τ on and τ off ) may change during the acquisition time in a way that is not a priori known. Here, we have taken the first steps to generalize the methodology, by using the reversible jump MCMC model selection technique. This explicitly allows for peaked τ on and τ off in the prior models (in addition to the exponential ones) and lets the data select the optimal model. This confirmed that, indeed, the first transcriptional events after serum stimulation show preference for nonexponentially distributed "on" and "off" states (SI Appendix, Fig. S12 ). However, we also emphasized that the simple two-state prior model (when used in combination with Gibbs sampling) is flexible enough for a quantitatively correct inference.
Implications for ctgf Function. Although the biological significance of the stimulus-dependent temporal profiles of ctgf induction remains puzzling, the physiological contexts in which different stimuli act may provide some clues. TGF-β is an important mediator of wound healing, and acts in part by stimulating ctgf expression that induces fibroblast proliferation and production of extracellular matrix (22) . As this process typically occurs over a period of several days, a sustained TGF-β-mediated CTGF upregulation might be necessary for completion of wound repair. The strong and transient response to serum stimulation is harder to interpret, as the nature of the serum molecule(s) inducing upregulation of ctgf is not known. However, like serum stimulation, mechanical stress also induces ctgf expression via the RhoA/ MRTF/SRF signaling pathway (22, 32) and might thus generate similar temporal responses of ctgf induction. In endothelial cells lining blood vessels, ctgf expression is induced by shear stress (22) and regulates endothelial cell adhesion, migration, and the production of basal lamina (33) (34) (35) . As shear stress in blood vessels can change on very short time scales, the rapid up-regulation of ctgf might allow for fast adjustment of the cytoskeleton and the adhesive properties of endothelial cells, and its rapid shutdown after a first period of activity might be necessary to avoid undesired tissue remodeling as observed during wound repair.
In conclusion, single-cell recordings of transcriptional activity in combination with computational modeling, as presented here, provides a powerful tool to shed light on how the kinetics of transcriptional bursting adjusts to modulate gene expression output upon physiological stimulation.
Materials and Methods
Detailed descriptions of the experimental and computational methods can be found in SI Appendix.
Cell Culture and Luminescence Imaging. The NIH 3T3 gt:ctgf cell line was generated by gene trap insertion of a short-lived luciferase in exon 5 of the connective tissue growth factor gene, as described earlier (18) . Luminescence microscopy was performed by using an LV200 Luminoview microscope (Olympus) equipped with an EM-CCD cooled camera (EM-CCD C9100-13; Hamamatsu Photonics) as described previously (18) , with an exposure time and time resolution of 1 min. For serum stimulation experiments, cells were cultured in 5% (vol/vol) FBS for at least 24 h before imaging, and induced by increasing serum concentration by 2% or 15%. For TGF-β1 (eBiosciences) induction, cells were continuously cultured in 10% serum. Stimulation with serum or TGF-β1 was performed 60 to 120 min after initial baseline recording by adding FBS or TGF-β1 to the cell culture dish without disturbing the imaging field. Analysis of time-lapse imaging was performed by manual tracking of single cells to quantify luminescence signals as previously described (18) . Numbers of cells analyzed in each condition were as follows: control serum (n = 47), serum +2% (n = 90), serum +15% (n = 96), TGF-β1 control (n = 56), TGF-β1 1 nM (n = 47), TGF-β1 10 nM (n = 52), and TGF-β1 50 nM (n = 33).
Fraction of Cells That Respond. To estimate the fraction of cells that respond to different stimuli, we computed the mean protein level for each cell measured within a window of 3 h after the addition of the stimulus. We first fitted a Gamma distribution to the mean expression levels obtained from the control cells. Then, we modeled the protein levels observed after gene induction by a two Gamma mixture model. The first Gamma distribution represents nonresponding cells, and therefore its parameters were fixed to the ones obtained from the control cells. The second γ-distribution represents the responding cells. The mixture coefficient is then the fraction of the cells that respond. We fitted the free parameters by using MCMC sampling.
Parameter Estimation. To estimate the transcriptional parameters, we used the computational method developed previously (18) . Briefly, we computed the likelihood that the time traces of luciferase activity were generated by a simple stochastic gene expression model, whereby the gene can switch between and active and inactive state and transcription occurs in bursts only during the active periods (Fig. 1A) . For this study, we introduced two modifications. First, to reduce the computation load, which was prohibitive given the high protein levels, we fixed the protein levels (instead of summing over all protein numbers) to their expected values from the established calibration curves, and filtered experimental noise on a (fast) time scale of 5 min. This procedure did not interfere with the longer time scales (i.e., τ on and τ off ) estimated. Second, after stimulation, cells may not be in steady state anymore, and parameters could vary over time. We modeled this (extrinsic) variability, assuming that the k m can take values between a lower bound of 0.2 molecule per minute to an upper bound of 1 mRNA per second (27) from a rescaled Beta distribution (SI Appendix). MCMC sampling from the posterior distribution was performed to estimate the two parameters of the β-distribution and the two time scales of the gene activation process τ on and τ off (SI Appendix).
Temporal Profiles of the Transcriptional Parameters. We used Gibbs sampling to draw mRNA accumulation and gene activity time traces from the corresponding posterior probability (SI Appendix). For each instance and each transcriptional event, we computed the length of the transcriptional active window and the length of the following inactive window. We estimated the burst size in each time interval as b = γt(m f − m o e −γt )/(1 − e −γt ), where m o and m f are the initial and final amounts of mRNAs, and γ is the mRNA degradation rate. Then, we calculated the total burst size as the sum of the burst sizes in each time interval within an active window and the k m as the total burst size divided by the duration of the active window (SI Appendix). Finally, we computed the response time as the time from the addition of the stimulus to the first active window of transcription.
